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Al based Detection of Neuroendocrine Tumors

o——————————————————
The Power of Al Enables Blood-based Detection

of Neuroendocrine Tumors

Mahesh Kumar Padwal*?, Rahul V. Parghane®’, Avik Chakraborty**, Bhakti Basu™** and Sandip Basu®**

'"Molecular Biology Division, Bhabha Atomic Research Centre, Trombay-400085, INDIA
fHomi Bhabha National Institute, Anushakti Nagar, Mumbai-400094, INDIA
°Radiation Medicine Centre, Bhabha Atomic Research Centre, Tata Memorial Centre Annexe, Parel, Mumbai-400012, INDIA

ABSTRACT

This communication deals with the detection of the Neuroendocrine Tumor (NET) disease
from the blood sample. The technique utilizes a set of differentially expressed RNA
molecules and an Al-based algorithm to distinguish healthy samples from the NET samples.
The Al-based classification algorithm achieved high accuracy (> 95%) in predicting the
presence of the disease. The tool can integrate various features that may have diverse
applications for the personalized management of NET patients. The potential of the tool for
monitoring treatment response and predicting inherited susceptibility is discussed.
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Introduction
Why blood biomarkers?

The incidence and prevalence of cancer are increasing
by the day and so is the race to detect this dreadful disease
early [1-2]. As India transitions to becoming the most populous
country in the world, there are high odds of a steep disease
burden. Early detection warrants an easy, non-invasive,
sensitive (fewer false negatives) and specific (fewer false
positives) test that uses a surrogate sample representative of a
disease state. Depending on the location of the cancer, several
body fluids are potential candidates as the sample source.
However, being in touch with the entire body, blood has gained
widespread attention and research focus for the detection of
disease-specific biomarkers [3]. Moreover, blood analysis also
offers insight into the genetic susceptibility to the disease [4].
This emerging tool, called Liquid biopsy in comparison to
conventional invasive tissue biopsy, is currently the focus of
active research the world over [3].

Types of biomarkers

A drop of blood contains millions of cells and billions of
biomolecules in equilibrium with the health status of an
individual. Blood is a carrier of various biomolecules, vesicles,
etc. along with RBCs, WBCs, and platelets. In cancer patients,
the cancerous tissue releases tiny signals in the form of
circulating tumor DNA (ctDNA), circulating tumor RNA (ctRNA),
protein markers, metabolites, extracellular vesicles, and
circulating tumor cells (CTCs) into the bloodstream (Fig.1). The
evidence suggests that the tumors educate certain immune
cells and can dysregulate the systemic immune system [5]. If
these tiny tumor-specific signals can be detected, quantified,
distinguished from the healthy samples, and correlated with
the clinical parameters of the patient, it is possible to devise a
blood test to diagnose, monitor treatment response, and
predict the prognosis of cancer.

Detecting disease-specific biomarkers in blood - A
formidable challenge

Routine blood tests to profile levels of sugar, lipids,
minerals, vitamins, hormones, parasites, etc. measure
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Fig.1: Pictorial depiction of a variety of tiny signals released/ modulated
by the tumor in the bloodstream.

monoanalyte markers and associate the marker with the
underlying disease condition, e.g., high level of blood sugar
(> 120 mg/dL) is associated with diabetes. However, as cancer
is a complex disease that involves local and systemic changes,
monoanalyte markers often demonstrate low accuracy. The
multi-analyte markers are identified in 2 ways. One of the ways
is to identify the tumor-specific markers in tumor tissues by
comparison with the normal tissues. Such tumor-specific
markers represent the local changes in the tumor [6], which
can be detected in the blood by qTR-PCR. The second way is to
identify the disease-specific markers by directly profiling the
blood samples from the cancer patients and comparing them
with those of the healthy donors. These markers capture the
local as well as the systemic changes induced by the tumor. In
the case of DNA or RNA markers, the sequencing method can
fish out pathogenic inherited/ sporadic germ-line mutations
that impart susceptibility to early disease onset. Here, we
present our recent findings on the peripheral blood RNA-
sequencing-based multi-analyte tool for the diagnosis of
Neuroendocrine Tumors (NETSs).

Materials and Methods
Study participants

The study participants included healthy donors (n = 51)
and NET patients (n = 86) registered for *""Lu-DOTATATE PRRT at
Radiation Medicine Centre, India, according to eligibility
criteria detailed earlier [7]. Written informed consent was
obtained from all the participants and the study was approved
by the Institutional Scientific Advisory Committee (SAC) and
Institutional Ethics Committee (IEC). All NET samples were
collected before the first PRRT cycle. The blood samples were
collected in BD Vacutainer® K2 EDTA Tubes and were
processed for RBC lysis by hypotonic shock method. The intact
blood cells were lysed in TRI reagent (Sigma) and RNA was
isolated using RNeasy Mini Kit (QIAGEN). RNA libraries were
prepared with Ultra Il Directional RNA-Seq Library Prep kit
(NEB) and sequenced on lllumina HiSeq X instrument at the
CAP-accredited commercial facility of Medgenome Lab Ltd.,
Bangalore, India.

Processing of RBNA-Seq data

Clean RNA-Seq reads obtained using FASTP [8] were
mapped to the human reference genome (GRCh38) using a
splice-aware STAR aligner [9]. Gene counts were quantified
using RSEM [10]. Differential expression analyses were
performed on gene counts using the DESeq2 package [11].
The training set and test set samples were normalized
separately. Low expression and highly variant genes were
removed. The remaining 17220 genes were VST normalized
and adjusted for batch effects using SVA.

Feature selection and diagnostic classifier

Relevant and complementary features were selected
from VST-normalized and SVs-adjusted counts of 17,220
genes from the training sample set using the mRMRe R
package [12]. Random forest algorithm was developed using
the CARET package and multi-analyte gene features. Hyper-
parameter mtry was optimized and the RF model was cross-
validated using a 5-fold cross-validation method repeated 10
times. The performance metrics of the diagnostic classifier
were assessed based on sensitivity, specificity, and accuracy.

Results and Discussion

Fig.2 shows an overall study design which includes data
from 107 samples in the training setand 30 samples in the test
set. The training set samples comprised NETs of the pancreas,
gastrointestinal tract, and lung. The NET patients had either
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Fig.2: Study design.

localized or metastatic disease. About 40% of the NET patients
had hormonal syndrome. More than 94% of RNA-Seq reads
aligned to the human genome, and the reads comprised
protein-coding genes, long non-coding RNAs (IncRNAs), and
other small RNAs. The peripheral blood transcriptome was
enriched with the genes encoded by the immune cells as well
as the neuroendocrine cells. The differentially expressed
genes in the blood of NET patients were used to develop a
diagnostic classifier.

In the training set samples, RNA-Seq data revealed 1500
differentially expressed genes. The selection of the NET-
specific gene features was guided by the expression levels of
each gene and lower variability among the samples.
Expression values of the selected gene features grouped the
patients' samples and the healthy samples into different
clusters, with some overlap (Fig.3).

The expression values of the selected NET-specific gene
features were used as input features to train a diagnostic
classifier using a random forest algorithm. Random forest is a
decision tree algorithm that partitions the sample into either
healthy or NET according to the expression levels of the NET-
specific gene features (Fig.4 a). Five hundred such decision
trees determine the final prediction of the sample.

In the training set, the classifier achieved 100% sensitivity
and 100% specificity (Fig.4 b). In the test set, the classifier
achieved 94.4% sensitivity and 100% specificity (Fig.4 b). In
addition to expression-based prediction, qualitative data on
RNA sequencing is useful for the assessment of pathogenic
gene mutations potentially associated with the disease.
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Fig.3: The hierarchical heatmap shows the segregation of samples of NET
patients and healthy donors based on the expression of the most relevant
gene features. The color bar represents Log2 fold change in the
expression levels between the patients’ samples (blue bar at the top) and
the samples from the healthy donors (grey bar at the top).

Conclusion

We have demonstrated an advanced tool for cancer
detection from a blood sample. The method can be used to
diagnose NET cases with high accuracy and has a potential
clinical utility in monitoring the treatment response. Integration
of mutation data on genes associated with NET would enable
the identification of cases with inherited susceptibility to the
disease or predict prognosis when combined with the relevant
clinical parameters and imaging modalities. Taken together,
the tool offers scope for personalized management of
Neuroendocrine Tumor patients. To the best of our knowledge,
thisisthefirst report on RNA-Seq-based blood test for cancerin
India.
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Fig.4: Machine learning to identify NETs from the blood sample. (a) A representative decision tree of the diagnostic classifier. Expression values are
indicated (< value >) below each gene feature (light blue circle). Red and green circles represent the prediction of NET and healthy, respectively.

(b) Accuracy metrics for detecting NETs in training and the test sets.
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